Article Info Received : 01.05.2014 Accepted : 14.10.2014 Soil salinity caused by natural or human-induced processes is certainly a severe environmental problem that already affects 400 million hectares and seriously threatens an equivalent surface. Salinization causes negative effects on the ground; it affects agricultural production, infrastructure, water resources and biodiversity. In semi-arid and arid areas, 21% of irrigated lands suffer from waterlogging, salinity and/or sodicity that reduce their yields. 77 million hectares are saline soils induced by human activity, including 58% in the irrigated areas. In the irrigated perimeter of Tadla plain (central Morocco), the increased use of saline groundwater and surface water, coupled with agricultural intensification leads to the deterioration of soil quality. Experimental methods for monitoring soil salinity by direct measurements in situ are very demanding of time and resources, and also very limited in terms of spatial coverage. Several studies have described the usefulness of remote sensing for mapping salinity by its synoptic coverage and the sensitivity of the electromagnetic signal to surface soil parameters. In this study, we used an image of the TM Landsat sensor and field measurements of electrical conductivity (EC), the correlation between the image data and field measurements allowed us to develop a semi-empirical model allowing the mapping of soil salinity in the irrigated perimeter of Tadla plain. The validation of this model by the ground truth provides a correlation coefficient r² = 0.90. Map obtained from this model allows the identification of different salinization classes in the study area.
Introduction
Soil salinization is the process of salts accumulation in the soil surface and in the root zone which causes harmful effects on plants and soil; it follows a decrease in yields, ultimately, soil sterilization. It reduces the area of farmland land 1 to 2% per year and continues to increase (FAO, 2002) . In some countries, salinization may even threaten the national economy. This is particularly the problem of Argentina, Egypt, India, Iraq, Pakistan, Syria and Iran (Rhoades and Corwin, 1990) . Soil salinization is characterized by its evolution in both time and space (Abbas et al., 2013) . Therefore, the use of traditional methods (laboratory analysis, field survey) for its monitoring is insufficient and unsuited to the rate of evolution of this phenomenon and is demanding high costs, contrariwise to the optical satellite imagery that can be a powerful tool for mapping and continuous monitoring of the progression of this phenomenon by its synoptic coverage and the sensitivity of the electromagnetic signal to soil parameters at the first centimeters of the surface layer, such as the dielectric constant that is directly related to the salt content of the soil (Farifteh et al., 2006; Metternichet and Zinck, 2003; Mougenot and Pouget, 1993) .
According to the literature, the mapping of salinity risk has been the subject of several research projects operated with different types of multispectral remote sensing data. Abbas et al., (2013) and Khan et al. (2001) tested several indices namely the index of brightness (BI), the Normalized Difference Salinity Index (NDSI) and Salinity Index (SI). In the Norway Indian Project (Indo-Dutch Network Project, 2003) , three salinity indices have been proposed; SI-1, SI-2 and SI-3. Al-Khair (2003) demonstrated the usefulness of the salinity index-SI using ASTER (Advanced Spaceborne Thermal Emission and Reflection Radiometer) sensor data in mapping salinity of irrigated farmland in Syria. Jenson (2007) cited that Dwivedi (1996) used principal component analysis; he argues that CP1 and CP2 can characterize soil salinity unlike other components. Bannari et al. (2008) proposed two indices: Soils and Salinity Sodicity Indices (SSSI SSSI-1 and-2) based on the SWIR spectral bands of ALI sensor (Advanced Land Imager). Douaoui et al. (2006) proposed three indices of salinity for the characterization of soil salinity in semi-arid climate.
The aim of this paper is the mapping of soil salinity in the irrigated perimeter of Tadla plain by developing a semi-empirical model based on optical remote sensing data and field measurements of electrical conductivity (EC). In our case, we assessed several spectral transformations such as spectral indices previously cited, and principal components derived from Landsat TM satellite image for estimating soil salinity.
Material and Methods

Study area and data used
The study area site is the agricultural plain of Tadla in Tadla (Bachaoui et al., 2014) . The Landsat TM image was acquired over the plain of Tadla on 14 September 2011 simultaneously with the field measurements campaign. These are used to calibrate and validate the developed model. 
Methodology
The methodology adopted in this research is illustrated in Figure 2 . First of all, the radiometric and atmospheric corrections of errors due to the sensor and atmospheric effects were made. Second of all, the spectral indices of soil salinity, the Normalized Difference Vegetation Index (NDVI) and the principal components were calculated. Finally, all derived data were compared with field measurements of soil EC to extract an EC estimation model allowing soil salinity mapping. It proved essential to remove vegetation because of the importance of its cover. The optical imaging was used to map vegetation by calculating the NDVI. Using this image, we also masked the built-up area in the study site. 
Field measurements of electrical conductivity
Soil samples were collected during the field survey ( Figure 3 ) and their electrical conductivity was measured in the laboratory using physicochemical analysis. EC is often used to measure soil and water salinity. It is expressed in deciSiemens per meter (dS/m). Thus, we used the EC to classify the level of soil salinity as follows: non-saline soil : 0<dS/m<2 ; Slight saline soil: 2<dS/m<4 ; Moderate saline soil: 4<dS/m<6, Strongly saline soil: 6<dS/m<8 and Heavy saline soil: >8 [14] . Before the interpolating of field measurements to obtain a EC map, we studied the spatial structure of the variable using a variogram using the ArcGIS10.0 software. Finally, it was found that the variable is spatialisable. After several tests of deterministic and geostatistical methods, the universal kriging provided the best model. 
Image data pre-processing
The radiometric calibration of the sensor is the operation that leads to establish the relationship between the measured physical amounts at the sensor field of view, the radiation flow reflected by the earthatmosphere system, and the apparent digital number DN(λ) at the exit of the instrument towards the reception stations (Chen, 1997) . It is a critical step that consists of correcting the radiometric sensor drift to extract reliable and precise information from the image. The raw data from the () DN  was converted into spectral radiance () L  using sensor's the calibration coefficients (gain and offset). The () L  was calculated using the following equation: As for the atmospheric effects, it is dominated by the absorption caused by the gases (water vapor, carbon dioxide, and ozone) and the diffusion produced by the aerosols and the molecules (Richards, 1993; Burgess et al., 1995) . In this research we used the FLAASH atmospheric correction model to obtain surface reflectance. This model uses the look-up-tables with five dimensions (Staenz et al., 2002) , are the wavelength, the pixel position, the water vapor in the atmosphere, the terrain elevation and the optical depth of atmosphere. FLAASH starts from a standard equation for spectral radiance () L  at a sensor pixel to determine the surface reflectance following the equation 2. 
Principal component analysis (PCA)
PCA is a mathematical transformation based on the analysis of the covariance or the correlation matrix of several spectral bands (Bonn and Rochon, 1992; Caloz and Collet, 2001) . It reorganizes the data so that they are no longer correlated and redundant (Frans and Schowengerdt, 1997) . Theoretically, it offers an interesting approach to deal with the identification of soil salinity and changes detection. The stability of the brightness of PC1 and PC2 allows the separation of non-saline soils and saline, which could not be detected by PC3 and PC4 (Metternichet and Zinck, 2003; Jenson, 2007) . Only PC1 and PC2 were considered in this research to analyze their potential to detect different salt levels in soils.
Results and Discussion
Assessment of spectral indices
The various indices calculated were evaluated; Table 2 shows the result of evaluation. The index that gave the best correlation is the SI index with R ² = 0.6 and RMSE = 0.24. In general, the spectral indices based on the visible spectral bands are more sensitive to changes of the EC against those based on near-infrared and mid-infrared with the exception of the index SSSI-1. 
Modelling soil salinity and validation results
Firstly, the data were calibrated by pixel and by locally in a window of size 3x3 pixels. Then, the calibration was made using the territory segmentation based on the EC classes obtained by the field measurements interpolation. This latter approach provides a more accurate estimation that the first two approaches, which is due to the high variability of salinity per unit of distance and the large pixel size of data (30 meters). Table  3 presents the best models for the EC estimation obtained by the three calibration methods; by pixel, window of 3x3 pixels and EC classes. Soil salinity mapping using the developed model
Cross-validation showed that the model calibrated by classes and based on the SI spectral index model is the most efficient in estimating the electrical conductivity, presenting a higher coefficient of determination R² = 0.904 (Figure 4a ). In addition, the validation of this model by external measurements of EC provided by the Office Régionale de Mise en Valeur Agricole of Tadla (ORMVAT) presented a R²= 0.6 (Figure 4b) . Thereafter, the image obtained by this model has been classified to produce the salinity map (Figure 4c ). The most affected areas by the high salinity are located in the hydraulically downgradient ( Figure 4c , zone 2 and 3), following a recycling of salty groundwater by pumping. The results obtained show an EC from 3.00 to 9.00 dS / m in the affected areas. From the comparison between the obtained soil salinity map, the groundwater level map and the map of the groundwater salinity, we note that the soil salinity is very important in zones 2 and 3 where the level of the groundwater is very close to the surface and also the groundwater salinity is high contrariwise to zone 1 where soil salinity is low ( Figure 4c , zone 1). 
Conclusion
The results of this paper show that soil salinity could be estimated well using spectral indices as a good auxiliary variable in the spatial estimation and mapping salinity in irrigated land. For this purpose, the indices based on the visible spectral bands are more sensitive to the soil salinity and the SI index has a better correlation with soil salinity in our region than the others. The Stepwise regression allowed finding the most correlated parameters with soil salinity. Finally, Calibration based on the largest unit of aggregation gives a more accurate model, because it reduces the effects of the high soil salinity variability. Otherwise, we need to expand the mesh of soil samples to get the best estimates.
